This paper examines the relation between the Canadian dollar / US dollar (CAD) exchange rate and foreign exchange order flow employing a novel data set on CAD order flow over the period 1994-2005. We investigate empirically the predictive information content and the determinants of order flow. The results suggest that order flow has strong out-of-sample predictive power for CAD returns, yielding significant market timing ability and tangible economic gains in a stylized dynamic asset allocation context. In terms of its determinants, order flow appears to reflect not only the menu of macroeconomic variables typically suggested in the literature but is also closely related to commodity price fluctuations, as expected from a 'commodity currency.'
Introduction
In this paper, we re-examine some of the key exchange rate microstructure questions in the context of the Canadian dollar / US dollar (CAD) exchange rate using a data set that is unique in its time span and coverage of the market. 1 Specifically, we investigate the explanatory and out-of-sample forecasting power of order flow and examine its underlying macroeconomic determinants. 2 Existing microstructure studies have examined the properties of using data sets that cover a limited time span, encompass a specific segment of the market, or are proprietary to a single dealer or bank, making the replication of results difficult.
The choice of the exchange rate studied and the data set employed are important distinguishing features of this paper for several reasons. First, we examine 11 years of disaggregated order flow data based on spot transactions reported by all Canadian-domiciled dealers with their end-customers, who are identified as either commercial or financial. The data set covers the bulk of daily volume in spot CAD transactions during the sample period analyzed. 3 Second, the CAD is a commodity currency with a well-established relation between the exchange rate, interest rate differentials with the US, and the prices of commodities, which comprise 56 percent of total exports and over 20 percent of GDP in 2007. The economic determinants influencing the CAD are therefore welldocumented and widely-known. Third, Canada is a small-open economy that is strongly tied to the US economy, which is the destination of over 80 percent of its exports. The CAD, therefore, responds to both Canadian and US macroeconomic announcements. Fourth, trade in this currency is substantial. The CAD is the seventh most-actively traded currency with around $115 billion of daily turnover, representing four percent of daily transactions in the global foreign exchange (FX) market (BIS, 2007) . 4 We exploit the span and breadth of our data set, and the unique setting of the CAD, primarily to investigate the out-of-sample forecasting power of order flow and to explore how macroeconomic information influences order flow.
The FX microstructure approach rests heavily on the seminal paper by Evans and Lyons (EL, 2002) , who build a partial equilibrium model that links order flow to contemporaneous changes in the exchange rate. They find that order flow can explain a substantial proportion of the daily fluctuations in major exchange rates -a result that stands in stark contrast with twenty years of failure to find a robust empirical model of exchange rate behavior (e.g. Cheung, Chinn and 1 The CAD is nicknamed the 'Loonie' in Canadian parlance and trading jargon. The term reflects the appearance of the common loon on the back of the Canadian dollar coin that replaced the dollar bill in 1987.
2 Order flow, the net of buyer and seller-initiated transactions, is employed to capture price-relevant information that is revealed through trade.
3 Bjønnes, Rime and Solheim (2005) also employ a long data set on the market for Swedish krona against the euro. The focus of their paper is, however, on understanding who are the overnight liquidity providers in the market. 4 Another peculiarity is that the CAD is the least volatile of the major exchange rates, e.g. displaying only half the volatility of the euro/US dollar exchange rate. Until 1998 the volatility of the exchange rate was kept low due to systematic intervention by the Canadian central bank in the FX market. The Bank of Canada has not intervened in the CAD since September 1998. Garcia Pascual, 2005) . EL (2005) subsequently show that order flow contains predictive power and outperforms a random walk in an out-of-sample forecasting exercise using conventional statistical criteria. Similarly, Rime, Sarno and Sojli (2009) find that order flow models generate substantial economic gains in a dynamic asset allocation setting, yielding Sharpe ratios larger than one and positive performance fees. The explanatory and forecasting power of order flow has been mainly linked to macroeconomic news (e.g. Dominguez and Panthaki, 2006; Berger et al., 2008; Love and Payne, 2008; EL, 2008) , changes in expectations about the macroeconomy (Rime, Sarno and Sojli, 2009) , and signals on the current state of the economy (EL 2005 (EL , 2007 .
Despite the apparent success of the FX microstructure literature in forecasting exchange rates and explaining order flow, most of the empirical work is based on relatively short samples (the longest being the 6.5-year sample employed by EL, 2005) or samples that cover only one segment of the market (i.e. interdealer data or data from one particular bank). These restrictions raise scepticism among researchers in international finance. Moreover, some scholars challenge the existence of predictive information in order flow (e.g. Danielsson, Payne and Luo, 2002; Sager and Taylor, 2008) .
Thus, the debate on the usefulness of order flow or other microstructure variables for forecasting exchange rate returns remains open. This paper brings a new and longer data set to this debate in an attempt to shed light on these issues.
We assess the out-of-sample forecasting power of order flow using economic, not statistical, criteria. Statistical evidence of exchange rate predictability does not guarantee that a currency investor can earn profits by conditioning on order flow information. We employ mean-variance analysis as a standard measure of portfolio performance and apply quadratic utility to examine whether there are additional economic gains for an investor who uses exchange rate forecasts from an order flow model relative to competing models, including a naïve random walk model. Economic gains are evaluated using two measures: the Sharpe ratio and the performance fee. The Sharpe ratio is the most common measure employed in financial markets to assess the performance of active currency managers; it is calculated as the ratio of the average realized portfolio excess return to its variability. The performance fee measures how much a risk averse investor would be willing to pay to switch from a portfolio strategy based on the random walk model to one which conditions on order flow. 5
To preview our results, the out-of-sample analysis provides robust evidence that conditioning on order flow generates substantial economic gains. The Sharpe ratios from the order flow model are close to one, both at the daily and weekly frequency, and much higher than alternative models, including the conventional random walk benchmark. 6 We find that a risk averse investor would be 5 In moving away from statistical criteria of forecast accuracy evaluation, there are many different ways of measuring economic gains (e.g. Leitch and Tanner, 1991) , and the metrics used here are just two of them. See also Elliott and Ito (1999) , Abhyankar, Sarno and Valente (2005) , Mende and Menkhoff (2006) and Della Corte, Sarno and Tsiakas (2009) .
6 Recall that forward bias (or carry) trades are based on the assumption that countries that have relatively higher willing to pay performance fees above two percentage points to move from the random walk model to the model based on CAD order flow.
To understand the source of the forecasting power of CAD order flow, we investigate its relation with macroeconomic information, on the one hand, and commodity prices on the other. We find that a substantial part of order flow fluctuations can be explained by both US and Canadian macroeconomic news, with economic surprises from both countries having a significant impact on trading. Furthermore, we find that order flow captures changes in expectations for macroeconomic fundamentals, consistent with leading microstructure theories that view order flow as a forwardlooking variable that aggregates dispersed information about the state of the economy (EL, 2005) .
Moreover, if order flow reflects expectations of future economic fundamentals and one of the main drivers of the Canadian economy is commodity exports, then order flow should reflect changes in expected future prices of these commodities. Previous research (Chen and Rogoff, 2003; Chen, Rogoff and Rossi, 2008) has documented a strong relation between commodity currencies and commodity prices, but no study has considered the relation between order flow and commodity prices. We find that order flows respond to changes in commodity futures (especially gold and aluminium prices), which we use as a proxy for expected changes in the commodity prices.
Finally, the use of disaggregated data by end-customer type allows us to test whose order flow is important for explaining exchange rate returns. Several microstructure studies use order flow from different customer segments in contemporaneous regressions of exchange rate returns and find a positive impact of financial order flow and a negative impact of non-financial order flow (EL, 2005 (EL, , 2006 (EL, , 2007 Reitz, Schmidt and Taylor, 2007; Marsh and O'Rourke, 2005) . EL (2006) argue that this surprising result arises because some end-customer order flows are liquidity-motivated while other flows are information-driven. Consistent with this view, Bjønnes, Rime, and Solheim (2005) find that non-financial customers are the main liquidity providers in the overnight FX market while financial customers are liquidity absorbers, as predicted by the trading model of EL (2002) . We divide end-customer order flow into two segments, commercial clients and financial customers. We confirm that commercial client order flow is negatively correlated with exchange rate returns, while financial order flow is positively related. We further show that this relation is also present in the response of order flow to macroeconomic surprises, to changes in macroeconomic expectations, and to changes in prices of commodity futures.
This paper proceeds as follows. The next section presents a brief summary of the literature on FX microstructure and on modeling the CAD. Section 3 presents the data set employed and some preliminary findings. Section 4 lays out the forecasting setup and the investor's allocation problem, interest rates will either exhibit appreciating exchange rates or will not exhibit depreciations large enough to offset the interest rate differential. This is rationalized on the basis of the well-documented empirical finding that the interest rate differential is weakly, if at all, related to future exchange rate movements. Hence, the random walk is simply one specific form of carry trade, which assumes that there is no link between exchange rate returns and interest rate differentials.
as well as the results of the forecasting exercise. Section 5 presents evidence on the relation between order flow and macroeconomic and commodity-related variables. Section 6 concludes.
Related Literature
Market microstructure may be defined as the study of the process and the outcomes of exchanging assets under explicit trading rules (O'Hara, 1995) . A central concept in microstructure is that asset prices need not equal full-information expectations of value because of a variety of frictions. Instead of being inconsequential, market structure and the rules governing the trading process are important variables that modify trading behavior and affect the speed and quality of price discovery, liquidity, and the cost of trading (Madhavan, 2000) .
The microstructure approach to exchange rates relies on a very different set of assumptions from the classical macroeconomic approach (Frankel, Galli and Giovannini, 1996; Lyons, 2001) .
Whereas macroeconomic models generally assume that agents are identical, information is perfect, trading is costless, and the trading process itself is irrelevant, micro-based exchange rate models relax these assumptions. FX microstructure models examine more realistic settings where information is dispersed and heterogeneous agents have different information sets and models. In this section,
we provide an overview of the salient features of the FX microstructure literature and on the extant research on the CAD.
The Information Content of Order Flow
A series of papers by EL (2002 EL ( , 2005 EL ( , 2008 Theoretically, order flow may be seen as a vehicle for aggregating both differences in interpretation of news in real time and changes in heterogeneous expectations about the future state of the economy (see EL, 2005) . The exchange rate can be written as the discounted present value of current and expected fundamentals:
where s t is the log nominal exchange rate (defined as the domestic price of the foreign currency), b is the discount factor, f t denotes the fundamentals at time t, and E m t f t+q is the market-makers' expectation about future fundamentals conditional on information available at time t. Iterating equation (1) forward and rearranging terms one obtains:
where
Then one can think of exchange rate movements as reflecting two components: i) the gap between the fundamental implied value of the exchange rate and its current value; and ii) changes in expectations on macroeconomic fundamentals.
Order flow can be seen as a proxy for both these components. 8
It is important to note that, even though order flow appears to explain exchange rate fluctuations Usually present-value models of this kind assume that E m t ft = ft, i.e. that current fundamentals are observable without error in real time. However, in practice, macroeconomic data are not available in real time, since most macro data reported at time t relate to values for a previous month or quarter. At time t, in the absence of official calculations for macro data, agents effectively need to form expectations of the fundamentals for the current period as well as for future periods. A further problem is that the first release of a data point tends to contain (sometimes substantial) measurement errors, and data undergo several revisions before being finalized (e.g. see Faust, Rogers and Wright, 2003) .
8 Starting from different considerations, Pasquariello (2007) also merges macro and micro exchange rate determination the context of the role of central bank intervention for price discovery in the FX market. Using data for the Swiss National Bank, he finds that central bank interventions, regardless of their effectiveness, induce significant misinformation and heterogeneity of beliefs among market participants and deteriorate market liquidity. the predictive power in order flow using Reuters data for a shorter sample of one year and three exchange rates. Nonetheless, Danielsson, Payne and Luo (2002) and Sager and Taylor (2008) , using the same statistical criteria and a variety of commercially available data sets, cannot find better forecasting power in order flow than a random walk.
The crucial issue impeding a resolution to the debate is the relatively short samples and the proprietary nature of the data available to the researchers in the field. In a short sample good forecasting performance could be due to chance or the specific time period used. The debate cannot be settled, unless long spans of data are used to provide robust evidence for or against predictability.
The quality and length of our data provides, therefore, an opportunity to obtain results that are unlikely to suffer from severe short-sample problems.
Existing Models of the Canadian Dollar
There is a large body of research that focuses on modeling and forecasting the CAD. These models are based on the long-run relation between the exchange rate and macroeconomic variables relevant to the Canadian economy. The most successful model, which remains central for the Bank of Canada's (BoC) monitoring of the CAD, is the one built by Amano and van Norden (1995) . This is an error correction model for the real CAD (RCAD), based on a long-run relation between RCAD and real commodity prices split into two groups -energy and non-energy commodities. The short-run dynamics are captured by the nominal 90-day commercial interest rate differential, which proxies for monetary policy expectations. The set of variables employed seems appropriate for the CAD given that Canada is a major commodity (oil, gas and metals) exporter. The model has provided good in-sample fit, despite using low frequency data and backward-looking macroeconomic information.
The original model has been modified to take into account Canada's changing oil exports, with Canada becoming a large net exporter as of late 1993 (Issa, Lafrance and Murray, 2006) . Prior to this date, an increase in the price of oil had a negative impact on CAD, due to the negative impact on the US economy and Canada's net exports. After 1993, the benefit of higher oil prices outweighs the drag on the US economy, leading to a positive relation between the CAD and oil.
A few recent papers investigate the relation between the CAD and order flow using a subset of the data used in this study. Gradojevic (2007) and Gradojevic and Neely (2008) test the forecasting power of order flow and its relation with US macroeconomic variables. Gradojevic (2007) investigates the statistical out-of-sample forecasting power of CAD order flow and finds that order flow can beat the random walk benchmark only for horizons of three months, but not for higher frequencies. Gradojevic and Neely (2008) study how CAD order flow responds to US macroeconomic surprises and assess the forecasting power of order flow using an autoregressive benchmark rule. Using statistical criteria, the authors find that order flow does not help to forecast exchange rate movements better than a random walk. Nor can order flow improve on a simple trading rule.
The current paper differs from their work in several ways. First, we have access to the full data set of CAD order flow, not just a subset of six banks. We also exclude interbank order flow among Canadian dealers on theoretical grounds, as it reflects inventory management in response to end-customer transactions. Second, we shift the emphasis of the forecasting evaluation from statistical measures of forecast accuracy (such as root mean squared errors) to measures of the economic value of the information in order flow. Thus, our calculations allow a direct assessment of the economic significance of order flow in exchange rate determination. We conduct a stylized active asset-allocation exercise where a mean-variance investor maximizes the risk-adjusted returns from trading the CAD and the riskless rate. Third, we investigate the relation of order flow not only with US macroeconomic surprises, but also Canadian macroeconomic surprises and changes in expectations in macroeconomic variables. Finally, we examine the interaction between commodity future prices and order flow, which is important in the context of a commodity currency, such as the CAD.
Data and Preliminaries

Data Sources and Descriptions
The FX order flow data used in this study were reported voluntarily every day at 16: Figure   1 shows the different types of transactions included in the data set. It is worth noting that not all CAD-related transactions are included in the reported data, because non-Canadian domiciled banks that trade the CAD are not required to report. Thus, the sum of order flows in all segments is not equal to zero. This data set is the only one in FX market microstructure that covers such a large proportion of one particular market, identifies the type of end customer, and is available for a long sample period. The reported transactions are divided into four categories: Each banks' order flow, ∆x t is calculated as customer purchases minus customer sales of CAD, representing buying pressure for the Canadian dollar from the public. Daily order flow of spot CAD is summed across banks for each customer category (CC, CIF, FB, IB) to create daily order flow for each category (∆x CC , ∆x CIF , ∆x F B , ∆x IB ), expressed in millions of Canadian dollars. The two categories ∆x CIF and ∆x F B are summed into one group that represents total order flow from financial customers (domestic or foreign) ∆x F IN . The interbank order flow is not included because it might generate double-counting for the other categories, given that in theory interdealer order flow reflects transactions with customers from previous trading rounds (EL, 2002) . For the purpose of this study, outliers at more than five standard deviations from the mean have been removed to eliminate potential data entry errors. We only found four such observations. Given that the survey was modified on October 1, 1994 to include CIF data, we only employ data for the 11 years from October 3, 1994 to September 30, 2005 for our empirical work. The data have also been aggregated at the weekly frequency (Friday to Friday) to evaluate the information content of order flow at lower frequencies. Weekly aggregation also allows us to examine how long it takes for this non-public information to be reflected in prices.
The log exchange rate, s t is expressed as US dollars per one unit of Canadian dollar. The interest rate data employed are the following: overnight money market for the Canadian dollar, overnight Eurodeposit rate for the USD and weekly Eurodeposit rates for both the US and Canada. The interest rate differential is the difference between US and Canadian interest rates, overnight and weekly.
Data on macroeconomic fundamentals is provided by the Money Market Survey (MMS) carried out by InformaGM. The data set includes values for expected, announced and revised macroeconomic variables. Market participants' expectations on macroeconomic fundamentals are collected weekly and aggregated on Thursday the week prior to the announcement week. News for a fundamental variable n is defined as the difference between the actual a n,t and expected E n,t−l a n,t value of the fundamental, standardized by the standard deviation of the news: d n,t = an,t−E n,t−l an,t σn
. Note that because information on macroeconomic fundamentals is published with a lag, the announced values pertain to the month or quarter prior to the current one. We use announcements for the between the US and Canada over the sample period at the daily and weekly sampling frequencies.
The CAD has appreciated substantially during the sample period, especially since 2002. Canadian interest rates appear to have been higher than US interest rates during most of the sample period. Figure 2 shows the proportion of these commodities for Canadian net exports. Natural gas is also a large determinant of Canadian exports, but the six-month maturity futures series does not start until November 2001.
customers order flow than commercial clients. The correlation between commercial and financial clients order flow is large and negative, as predicted by theory, both at the daily and weekly frequency.
As a preliminary assessment, we estimate the contemporaneous relation between order flow and CAD returns using ordinary least squares (OLS). Following EL (2002), we regress the daily exchange rate returns on order flow alone, to investigate its explanatory power; on order flow and the lagged interest rate differential, to assess the added value of order flow over interest rates; and on order flow and the change in interest differential as a measure of public information. The results are presented in Table 2 . The estimated order flow coefficients for financial clients are always positive and highly significant, while those of commercial clients are always negative and also highly significant. The positive sign implies that net buying pressure for the Canadian dollar from financial clients leads to an increase in the exchange rate (i.e. appreciation of the CAD). Positive order flow of ten billion Canadian dollars from financial clients is associated with a 3.49 percent appreciation of the CAD, while the same purchase from commercial clients is associated with a 1.86 percent depreciation in the CAD. The explanatory power of contemporaneous order flow appears to increase at the weekly frequency, with an R 2 of 0.35. The interest rate differential is also significant but not very powerful, yielding only a one basis point increase in R 2 . An increase in US interest rates would lead to an appreciation of the US dollar, which is in line with the forward bias literature (Bilson, 1981; Fama, 1984) . 11
Forecasting Models and the Test of Economic Value
In this section, we evaluate the ability of order flows to forecast exchange rate movements out-ofsample. We employ mean-variance analysis to obtain the optimal investment weights for the risky asset. We use two performance measures: the Sharpe ratio and a utility-based performance fee (Fleming, Kirby and Ostdiek, 2001; West, Edison and Cho, 1993; Della Corte, Sarno and Tsiakas, 2009 ). The Sharpe ratio, or return-to-variability ratio, measures the risk-adjusted returns from an investment strategy and is widely used by investment banks and asset management companies to evaluate investment and trading performance. The performance fee is a utility-based measure that assesses how much a risk averse investor is willing to pay to switch from a naïve random walk strategy to a dynamic strategy that conditions on order flow information.
We choose to perform one-day and one-week ahead forecasts. One-day ahead forecasts based on order flow can be implemented at a relevant horizon for practitioners (e.g. currency hedge funds), and -unlike intraday forecasts -involve interest rate considerations. One-week ahead forecasts allow us to investigate the possibility that markets infer and incorporate the information embedded in order flow gradually, as this dispersed information is aggregated and revealed through trading (Kyle, 1985; Glosten and Milgrom, 1985) .
Forecasting Models
We evaluate the forecasting performance of four different models. Model M OF is the order flow model based on commercial and financial customers' order flow:
The second model, M M OM represents trend-chasing behavior and uses one-period lagged exchange rate returns to explain currency fluctuations:
Comparing the results of M OF and M M OM is useful to understand whether order flow simply captures trend-chasing or momentum trading strategies. 12 M U IP is based on the uncovered interest parity (UIP) condition: 13
The last model M RW is the random walk, the classic benchmark in exchange rate forecasting:
where we estimate the parameter c to allow for the possibility of a non-zero drift term. M RW is the most common form of carry trade strategy used by practitioners and analyzed in academic research 
Asset Allocation
We take the perspective of a US investor who uses the four models above to forecast exchange rate returns and allocates capital at the daily or weekly frequency. An initial wealth of $1 million is invested every period in a risky asset (Canadian dollar deposit) and a riskless asset (US deposit).
The investor dynamically rebalances the portfolio to maximize the expected return conditional on a target volatility. Because only one risky asset is involved, this is a standard textbook exercise of market timing in the context of allocating wealth between a riskless and a risky asset applied to the FX market. 14 12 Using more than one lag of the exchange rate returns does not change qualitatively the results. 13 UIP states that the expected exchange rate change should equal the current interest rate differential or, in the absence of arbitrage, the forward premium (the difference between the forward and spot rates).
14 The bulk of the predictability literature uses the aggregate stock market as the risky asset. We adapt this setting to the FX market, where the risky asset is the foreign bond with the only source of risk stemming from the exchange rate.
We are aware of the fact that a portfolio consisting of only one currency is unlikely to be a realistic portfolio managed by an investor; a currency manager would usually include between 5 and 15 currencies in the portfolio. Nonetheless, our objective is not to design a realistic asset allocation strategy but to measure the economic value of the predictive content of order flow, i.e. a test of the microstructure theory of order flow. To this extent, the exercise carried out provides us with a plausible test of the market timing ability of order flow.
Portfolio Weights
Let µ s,t+1|t = E t ∆s t+1 + r CAD f,t be the expected period (daily or weekly) return from the Canadian investment. The investor chooses the weights that maximize expected returns subject to a target volatility:
where µ p,t+1|t is the expected period return from the portfolio; r U S f,t is the period return from the US risk-free asset (overnight or weekly Eurodeposit rate); w t is the weight attached to the risky asset; σ * is the target level for risk; Σ t+1|t = V ar t (∆s t+1 ) is the portfolio variance which is equal to the risky asset's historical variance, estimated recursively. The investor's wealth is split between the risk-free and risky asset. The solution to the maximization problem yields the risky asset investment weights:
where (µ s,t+1|t − r U S f,t ) is the FX excess return; and Q t = (µ s,t+1|t − r U S f,t )Σ −1 t+1 t (µ s,t+1|t − r U S f,t ). The weight invested in the risk-free asset is 1 − w t . 15
All models considered in this paper assume constant volatility. Hence the only source of time variation in Σ is due to the fact that the empirical exchange rate models are re-estimated recursively, so that the volatility forecast for time t + 1 conditioned on information at time t is equal to the variance estimated using data up to time t.
Economic Evaluation
We rank our models according to two main criteria: the Sharpe ratio (SR) and the performance fee.
We also calculate break-even transaction costs, which indicate how large transaction costs need to be in order to eliminate all the utility advantage of a model over another.
Sharpe Ratio
The ex-post Sharpe ratio (Sharpe, 1966 ) is defined as:
15 Obviously no allowance for short selling would involve a weight w between 0 and 1. Given the wide use of short selling in the FX market, we allow w to be defined between -1 and 2.
where r p − i U S f is the annualized average excess return from the investment, and σ p is the annualized standard deviation of the portfolio returns.
Performance Fee The specific measure we adopt is based on mean-variance analysis with quadratic utility (West, Edison and Cho 1993) . 16 Under quadratic utility, at the end of period t + 1 the investor's utility of wealth can be represented as:
where W t+1 is the investor's wealth at t + 1; R p,t+1 is the gross portfolio return, equal to 1 + r p,t+1 ; and δ determines the investor's risk preference. To quantify the economic value of each model the degree of relative risk aversion (RRA) of the investor is set to γ = δWt 1−δWt , and the same amount of wealth is invested every day. In this setting, West, Edison and Cho (1993) show that a consistent estimate of average realized utility (U ) can be obtained for an investor with initial wealth W 0 = 1 as follows:
At any point in time, one set of estimates of the conditional returns (model) is better than a second set (benchmark model) if investment decisions based on the first set lead to higher average realized utility, U . Alternatively, the optimal model requires less wealth to yield a given level of U than a suboptimal model. Following Fleming, Kirby, and Ostdiek (2001), we measure the economic value of our FX strategies by equating the average utilities for selected pairs of portfolios. Suppose, for example, that holding a portfolio constructed using the optimal weights based on M RW yields the same average utility as holding the portfolio based on M OF after subtracting monthly expenses Φ, expressed as a fraction of wealth invested in the portfolio. Since the investor would be indifferent between these two strategies, we interpret Φ as the maximum performance fee the investor will pay to switch from M RW to M OF . In other words, this utility-based criterion measures how much a mean-variance investor is willing to pay for conditioning on order flow when forecasting CAD returns. To estimate the fee, we find the value of Φ that satisfies:
where R RW p,t+1 is the gross portfolio return obtained using forecasts from the benchmark M RW model, and R AM p,t+1 is the gross portfolio return constructed using the forecasts from the alternative model (say M OF ).
Transaction Costs
In dynamic investment strategies with daily rebalancing, transaction costs can play a significant role in determining returns and comparative utility gains. We compute the break-even transaction cost τ , which is the daily proportional cost that cancels the utility advantage of a given model over M RW . We assume that transaction costs at time t equal a fixed proportion τ of the amount traded in the risky asset: τ w t − w t−1 1+µs,t Rp,t
. 17
Empirical Results
The out-of-sample period is April 4, 2000 to September 30, 2005, which is half the available sample size. We provide the results for an annual target volatility σ * of 10 percent and a risk-aversion coefficient γ = 5. The annualized SR is presented in Panel A of Table 3 . Model M OF yields the highest SR both at the daily and weekly frequency (0.92 and 0.78, respectively). The lower SR at the weekly frequency (relative to daily) may reflect the fact that traders gradually reveal to the market their information via trading, hence it becomes less profitable to continue to trade on past order flow. In other words, weekly order flow is less informative as part of the information is incorporated in prices through daily trading. Nevertheless, the SR does not take into account the higher transaction costs incurred by the daily strategy, which may offset the gain from trading more frequently. The other models generate lower or negative SR and do not beat M RW , confirming the difficulty of outperforming carry trades of the kind captured by M RW .
Panel B of Table 3 shows the performance fees a risk averse investor is willing to pay to switch from the random walk model to the alternative models. M OF is the only model that generates a positive performance fee both at the daily and weekly frequency of 2.60 and 6.21 annual percentage points, respectively. On the basis of the performance fee calculations, weekly rebalancing based on M OF outperforms daily rebalancing. The rest of the models lead to lower utility gains than the random walk, thus the investor would not be interested in shifting from M RW to the other alternative models. The daily gains of M OF over the random walk benchmark are in the same order of magnitude as Della Corte, Sarno and Tsiakas (2009). Nonetheless, one has to bear in mind that this is a single-exchange rate strategy and there are no benefits from diversification since there is only one risky asset in the portfolio. A larger portfolio would expand the opportunity set and likely perform much better.
Panel C of Table 3 displays the break-even transaction costs that would be required to cancel the utility advantage of the alternative models over M RW . The performance fee is only positive for M OF , with break-even transaction costs of 1.59 basis points at the daily frequency and 11.27 basis points at the weekly frequency. This large difference in break-even transaction costs between the daily and weekly frequency can be explained by the number of absolute changes in weights in the risky asset (a measure of turnover) implied by M OF at the two different frequencies, given in Panel D. Panel D presents the percentage of times there is a change in the weight on the risky asset and the sum of the total change in the weight on the risky asset during the whole forecast period.
All the models imply that trading occurs almost every period, with the lowest amount of trading for M M OM at both frequencies. M OF has the largest number of total changes, with the investor trading more heavily and rebalancing frequently. The large reduction in turnover at the weekly frequency leads to the higher break-even transaction costs for M OF .
In order to refine our results, we take advantage of the long sample at hand and divide the out-of-sample period in two subsamples. 18 Panel A of Table 4 
The Determinants of Order Flow
Recall the present value formulation for the exchange rate, expressed in terms of exchange rate returns:
The equation highlights the role of order flow as a proxy that aggregates heterogeneous beliefs on macroeconomic information (the first term in the equation) and changes in expectations (the second term in the equation, ε t+1 ). We test these hypotheses by investigating the relation between order flow and macroeconomic news (deviations from market expectations) as a proxy for the first term on the right-hand-side of equation (14), and changes in either macroeconomic expectations or commodity futures as a proxy for the second term on the right-hand-side of equation (14).
Order Flow and Macroeconomic Surprises
We examine the relation between order flow and macroeconomic surprises d n,t = an,t−E n,t−l an,t σn by estimating the following regression for each of the major macroeconomic variables available:
The results, presented in Table 5 , show that 25 percent of the available macroeconomic news can explain fluctuations in order flow. These are some of the most relevant variables identified by the existing literature (e.g. Andersen et al., 2003) , and they explain up to 14 percent of the fluctuations in order flow. In the majority of cases, both commercial and financial customer order flow respond to macroeconomic surprises but with opposite signs, consistent with microstructure theory that predicts commercial clients provide liquidity to financial traders. Better than expected news for the Canadian economy, e.g. a decrease in unemployment, is associated with a higher demand for
Canadian dollars from financial investors with commercial clients being induced to trade to provide liquidity.
It is useful to elaborate further on these results. EL (2008) study the response of order flow to macroeconomic news, and argue that it should not be possible ex ante to know in which direction trading will take place without observing how investors (and market makers) are positioned prior to the news. A positive macroeconomic surprise could generate either increased buying or selling of a currency. Table 5 impact. This finding is not surprising, given that the state of the US economy is an important predictor for the Canadian economy. In terms of explanatory power, the highest coefficients of determination (R 2 ) are observed for Canadian financial order flow and retail sales, interest rate announcements, quarterly GDP, monthly CPI, and employment figures, respectively.
Order Flow and Macroeconomic Expectations
Order flow should reflect changes in expectations with regard to current economic conditions. This hypothesis can be tested based on the fact that consensus expectations on macroeconomic announcements are surveyed the Thursday prior to the announcement week, and traders still have a week to update their expectations with regard to the state of the economy. The change in expectation might occur as market participants observe trades and update their priors during the week following the survey. This hypothesis is assessed by estimating the following equation: a n,t − E n,t−l a n,t σ n = λ 0 + λ 1
It should be noted that macro announcements affect commercial and financial customer order flow in opposite directions, as predicted by theory. For financial customers the following relation is expected:
The results presented in Table 6 are congruent with the expected signs above. Positively revised expectations on US (Canadian) CPI imply positively revised expectations for higher interest rates in the US (Canada). Thus, they induce financial customers to buy more US (Canadian) dollars, respectively. Commercial clients provide liquidity, leading their order flow to take the opposite sign.
Order Flow and Commodity Futures
The CAD is a commodity currency, and as such is affected by global commodity prices. Chen and Rogoff (2003) and Chen, Rogoff and Rossi (2008) show that the exchange rates of commodity exporting countries are closely linked to commodity prices. Given the hypothesis that order flow is a forward-looking variable and the strong link between commodity prices and commodity exporting economies, we explore the hypothesis that CAD order flow reflects expectations for future commodity prices. We assess this relation by regressing each order flow series on a group of six-month future contracts:
where Com g,t is the log price change of commodity g between time t − 1 and t, and ζ t is the residual term. This analysis is restricted to the period May 1999 -September 2005 due to the availability for futures data for aluminium. The results presented in Table 7 show that price changes in aluminium and gold futures have a substantial impact on order flow. A one percent change in the price of aluminium futures would induce the purchase of two billion Canadian dollars from financial clients.
The opposite will occur for commercial clients. Surprisingly, oil price changes do not appear to significantly contribute to order flow, which may be due to the poor predictive power of oil futures for future oil prices (Alquist and Kilian, 2008) .
In addition, we investigate the explanatory power of price changes in commodity futures for the exchange rate. We estimate the following regression:
The results are presented in Table 8 , Columns I and III. Commodity futures price changes significantly affect exchange rate movements and can explain up to 9 percent of the daily and 21 percent of the weekly fluctuations. The largest impact appears to come from gold price movements. An increase in futures gold price by one percent would lead to an appreciation of the CAD by 0.12 percent. Aluminium and oil expected price changes are also significant determinants of exchange rate changes. The results are quite similar at the daily and weekly frequency, and as expected the impact of each commodity price and explanatory power is higher at the weekly frequency.
In order to assess the additional value of order flow as compared to commodity futures prices, we also estimate the combined regression:
The results, presented in Table 8 , Columns II and IV, show that the inclusion of order flow reduces the impact of commodity price changes and increases the R 2 substantially. Most of the explanatory power for the CAD comes from order flow, even though commodity prices remain significant, which implies that order flow embeds more relevant information for exchange rates than just expectations on commodity price changes.
Conclusions
After decades of disappointing efforts to link exchange rates movements to economic variables, the evidence from the microstructure approach to exchange rates has provided rays of hope. Several papers have found a strong contemporaneous relation between order flow and exchange rates, but there exists mixed evidence on the forecasting power of order flow. There is also scant evidence on the relation between order flow and macroeconomic information, as existing studies rely on short samples of data from a limited section of the market. Any attempt to contribute to the on-going debate would benefit from a long and comprehensive sample of data in order to provide robust and reliable results that can be replicated by other researchers. In this paper, we examine the empirical relation between order flow, exchange rates, and macroeconomic information in the context of the CAD, employing 11-years of daily order flow reported by all Canadian-domiciled dealers with their commercial and financial customers. The span and breadth of this data set, combined with the unique setting of the CAD, allows us to contribute to the debate on the out-of-sample forecasting power and the macroeconomic determinants of order flow.
We find that order flow can consistently generate economic gains in a daily and weekly out-ofsample forecasting exercise. Order flow appears to reflect macroeconomic news as well as changes in future macroeconomic fundamentals. Furthermore, order flow is closely related to commodity price fluctuations, as one would expect given the nature of the Canadian economy.
In summary, the results provided in this paper add evidence that order flow is strongly related to fundamentals and, in turn, can provide useful guidance to forecast exchange rate movements. (3) 
